Association genome scanning can identify markers for the allelic variants that contribute to vulnerability to complex disorders, including alcohol dependence. To improve the power and feasibility of this approach, we report validation of ''100k'' microarray-based allelic frequency assessments in pooled DNA samples. We then use this approach with unrelated alcohol-dependent versus control individuals sampled from pedigrees collected by the Collaborative Study on the Genetics of Alcoholism (COGA). Allele frequency differences between alcohol-dependent and control individuals are assessed in quadruplicate at 104,268 autosomal SNPs in pooled samples. One hundred eighty-eight SNPs provide (1) the largest allele frequency differences between dependent versus control individuals; (2) t values ! 3 for these differences; and (3) clustering, so that 51 relatively small chromosomal regions contain at least three SNPs that satisfy criteria 1 and 2 above (Monte Carlo P ¼ 0.00034). These positive SNP clusters nominate interesting genes whose products are implicated in cellular signaling, gene regulation, development, ''cell adhesion,'' and Mendelian disorders. The results converge with linkage and association results for alcohol and other addictive phenotypes. The data support polygenic contributions to vulnerability to alcohol dependence. These SNPs provide new tools to aid the understanding, prevention, and treatment of alcohol abuse and dependence.
INTRODUCTION
Substance abuse vulnerabilities are complex traits with strong genetic influences documented by family and twin studies [Kaprio et al., 1982; Cadoret et al., 1986 Cadoret et al., , 1995 Grove et al., 1990; Goldberg et al., 1993; Gynther et al., 1995; Uhl et al., 1995 Uhl et al., , 1997 Tsuang et al., 1996; Woodward et al., 1996; Kendler and Prescott, 1998; Merikangas et al., 1998; Tsuang et al., 1998; Kendler et al., 1999; Maes et al., 1999; Uhl, 1999; Karkowski et al., 2000] . Much of the genetic vulnerability to abuse of different legal and illegal addictive substances is shared; many abusers use multiple addictive substances [Kendler and Prescott, 1998; Tsuang et al., 1998 Tsuang et al., , 1999 Kendler et al., 1999; Karkowski et al., 2000] . Identifying the allelic variants that contribute to vulnerability to alcohol dependence and comparing them to the variants that predispose to other addictions can improve understanding of human addictions and assist efforts to match vulnerable individuals with the prevention and treatment strategies most likely to work for them.
Association genome scanning can help determine which chromosomal regions and genes contain allelic variants that predispose to dependence on alcohol and other substances. This approach does not require family member participation, gains power as genomic marker densities increase [Risch and Merikangas, 1996; Cervino and Hill, 2000; Schork et al., 2000; Sham et al., 2000] , identifies smaller chromosomal regions than linkage-based approaches, fosters pooling strategies that preserve confidentiality and reduce costs [Barcellos et al., 1997; Hacia et al., 1999; Germer et al., 2000; Uhl et al., 2001] and provides ample genomic controls that can minimize the chances of unintended ethnic mismatches between disease and control samples. We have used these approaches to assess allelic frequencies at 1,494 and then 11,522 SNPs in unrelated control versus polysubstance abusing individuals who report dependence on at least one illegal substance [Uhl et al., 2001; Liu et al., 2005] . SNPs that displayed nominally ''reproduciblypositive'' allele frequency differences between abuser and controls in both European-and African-American samples [Uhl et al., 2001 ] cluster closer to each other and to positive markers from linkage studies of addictions than anticipated by chance [Uhl et al., 2002; Uhl, 2004] . However, this density of SNP markers provides information about possible associations with addiction for only a modest number of the blocks of restricted haplotype diversity found in these subjects' genomes. Association genome scanning has not yet been employed to study alcohol dependence, to our knowledge.
Unrelated individuals sampled from pedigrees collected by the Collaborative Study on the Genetics of Alcoholism provide an interesting sample for this approach for several reasons. Dependence on alcohol and other substances has been carefully characterized in these individuals using validated instruments. Unrelated control individuals free from substance abuse or dependence diagnoses, largely individuals who marry into these pedigrees, are available. Linkage work with these pedigrees has identified a number of interesting loci [Reich et al., 1998; Bierut et al., 2002] . In addition, Genetics Analysis Workshop data provides individual genotypes for over 14,000 SNPs for a subset of COGA individuals (http:// www.gaworkshop.org).
''100k'' SNP microarrays (Centurion TM , Affymetrix) use sizeselected PCR products of genomic restriction fragments that have been ligated to universal linker sequences and amplified using single PCR primer pairs. Early access versions of these arrays allow assessment of 104,268 SNPs that can be localized to autosomes and display minor allele frequencies !2%. These arrays thus allow studies of many more SNP markers for more unrelated individuals than previously available. The data also overlaps with genotypes obtained in some of these same individuals as part of the Genetics Analysis Workshop, providing a rich set of comparisons of individual versus pooled genotypes that help validate use of pooling with these samples.
We thus now report validation and use of pooled association genome scanning using 100k arrays hybridized with sizeselected amplicons from end-ligated Xba I and Hind III genomic DNA restriction fragments of pooled genomic DNAs. DNAs come from unrelated COGA individuals who report (1) dependence on alcohol versus (2) control individuals free from any alcohol dependence, largely those who have married into these pedigrees. We use this approach to generate more than 29 million person/genotype equivalents, determined in quadruplicate. We discuss the convergence that these results provide with association and linkage studies for alcohol and other addictive phenotypes, the genetic architecture for alcohol dependence that the results support, the classes of candidate genes that they nominate for roles in human alcohol dependence and the implications of these findings for pooled association genome scanning approaches to complex genetic disorders.
MATERIALS AND METHODS

Research Volunteers
We searched COGA pedigrees to identify unrelated individuals who displayed phenotypes 2-3 (''pure unaffected'' or ''unaffected with some symptoms'') or 4 (''affected,'' e.g., alcohol dependent). We identified 120 unrelated alcohol-dependent individuals and 160 unrelated unaffected controls who selfreported European-American ethnicities. Information was available for Genetics Analysis Workshop (GAW) genotypes for 120 of these individuals. DNAs from these 120 individuals were placed into four of the control pools and two of the pools of alcohol-dependent individuals. DNAs from other COGA subjects who were not included in GAW formed eight additional pools.
Genomic DNA
Genomic DNA was prepared from lymphoblastoid cell lines (Corriel Institute), requantitated by spectrophotometry, picogreen and Heochst dye fluorescence and diluted to 10 ng/ml.
Validation studies compared: (1a) allelic determinations from individual CEPH DNAs versus (1b) results from pools (n ¼ 2) of the same DNAs; and (2a) allelic determinations from individual COGA DNAs versus (2b) results from pools (n ¼ 20) of the same DNAs. Other validation studies examined pool-to-pool variation and test-retest variation for each pool tested on four different sets of microarrays.
Allelic Frequencies in Polysubstance
Abusers and Controls
Allelic frequencies in polysubstance abusers and controls were compared using pools made by carefully combining equal amounts of DNA from 20 individuals of the same phenotypes. We used hybridization probes prepared from genomic DNA as described (Affymetrix Genechip Mapping Assay Manual) with precautions to avoid contamination. Fifty nanograms of pooled genomic DNA was digested by Xba I or by Hind III, ligated to appropriate adaptors, amplified by PCR using 3 min 958C hot start, 35 cycles of 20 sec 958C/15 sec 598C/15 sec 728C, and a final 7 min 728C extension. PCR products were purified (MinElute TM 96 UF kits, Qiagen, Valencia, CA), digested for 30 min with 0.04 U/ml DNase I to produce 30-200 bp fragments, end-labeled using terminal deoxynucleotidyl transferase and biotinylated dideoxynucleotides and hybridized to 100k arrays (Centurion, Affymetrix, Santa Clara, CA) which were stained and washed as described (Affymetrix Genechip Mapping Assay Manual) using immunopure strepavidin (Pierce, Milwaukee, WI), biotinylated antistreptavidin antibody (Vector Labs, Burlingame, CA), and R-phycoerythrin strepavidin (Molecular Probes, Eugene, OR). Arrays were scanned and fluorescence intensities quantitated using an Affymetrix array scanner as described [Uhl et al., 2001] .
Chromosomal positions for each SNP were sought using NCBI and NETAFFYX (Affymetrix) data. Allele frequencies for each SNP in each DNA pool were assessed based on hybridization intensity signals from four arrays, allowing assessment of hybridization to the 20 ''perfect match'' cells on each array that are complementary to the PCR products from alleles ''A'' and ''B'' for each diallelic SNP. Each array was analyzed as follows: (1) ''Background'' values, the average fluorescence intensity from the 5% of cells with the lowest values, were subtracted from the fluorescence intensity of every cell; (2) background-subtracted values were normalized by division by the average value obtained from the 5% of cells with the highest values; (3) normalized hybridization intensities from the 20 array cells that corresponded to the perfect match ''A'' and ''B'' cells for each SNP were averaged; (4) ''A/B ratios'' were determined by dividing average normalized A values by average normalized B values; (5) arctangent transformations were applied to each ratio to aid combination of data from arrays hybridized and scanned on different days; (6) average arctan values from the four replicates of each experiment were determined; (7) mean and standard deviations of average arctan values for each diagnostic group were calculated; (8) SNPs that displayed any of three criteria were eliminated from further analyses: (i) SNPs with minor allele frequencies <0.02, determined using Affymetrix data from analyses of European-American chromosomes; (ii) SNPs on sex chromosomes; and (iii) SNPs whose chromosomal positions could not be adequately determined; (9) for the remaining 104,268 SNPs, mean arctan A/B ratios for abusers were divided by mean arctan A/B ratios for controls for the rest of the SNPs to form abuser/control ratios; (10) A ''t'' statistic for the differences between abusers and controls was generated using the formula: Although there is no universally accepted method for analyzing association genome scanning data, we used a preplanned analysis (for favorable mention of similar approaches see [Bansal, 2001] ). We identified SNPs with abuser/control ratios in the top or bottom 2.5% of all abuser versus control comparisons that also displayed t statistics !3 for the abuser versus control differences. We then sought evidence for clustering of these SNPs by focusing on chromosomal regions in which at least three of these outlier SNPs lay within 1 Mb of each other; we note that this somewhat arbitrary distance may or may not reflect the entire extent of long range linkage disequilibrium, which varies from chromosomal region to chromosomal region. We term these clustered, nominally positive SNPs ''clustered positive SNPs'', and focus our analyses on regions in which they lie (Table I) .
To seek convergence between current and other association data, we compared the locations of the current clustered positive SNPs with SNPs that met criteria for reproducibly positive association in analyses of (1) European-American and African-American NIDA samples [Uhl et al., 2001 ], Liu et al., 2005; Liu, Uhl et al., in preparation] and (2) Japanese unrelated methamphetamine dependent and control individuals sampled from the Japanese Genetics Initiative on Drug Abuse (JGIDA), [Drgon et al., submitted] .
We assessed the statistical power of our analyses. We used (1) the observed control or abuser pool to pool, standard deviations from the current datasets, (2) the mean abuser/ control differences for the SNPs that provided the largest abuser/control differences from the current datasets, (3) a ¼ 0.05, (4) sample sizes from the current datasets, (5) abuser/control ratios from the current dataset and the program PS v2.1.31 [Dupont and Plummer, 1990] .
Observed results were compared to those expected by chance using 100,000 Monte Carlo simulation trials that sampled from a Microsoft SQL server database that contained the results from the current study: 14 pools x 4 arrays/pool x 20 perfect match cells/array/SNP x 104,268 SNPs ¼ 116,780,160 cells (1120 cells/SNP) (see also Uhl et al. [2001] ). For each of 100,000 simulation trials, a randomly selected set of SNPs was chosen and the same procedure that had been followed for the actual data was run. The number of trials for which the results from the randomly selected set of SNPs matched or exceeded the results actually observed from the SNPs identified in the current study was tabulated. Empirical P-values were calculated by dividing the number of trials for which the observed results were matched or exceeded by the total number of Monte Carlo simulation trials performed. Since this method examines the properties of the SNPs in the current dataset, it should be relatively robust in the face of a number of features that include the uneven distribution of Affymetrix SNP markers across the genome.
To provide insights into some of the genes that we nominate for further study since they might harbor variants that contribute to individual differences in addiction vulnerability, we sought an identifiable candidate gene(s) for each cluster of positive SNPs. We selected candidate gene nominees when multiple clustered-positive SNPs lay (1) within the gene or (2) in 3 0 or 5 0 flanking sequences that were contained on a block of high-restricted haplotype diversity along with exon sequences from that gene. We defined the blocks of high-restricted haplotype diversity using Haploviewer and data from CEPH individuals. Clusters that did not identify genes that meet these criteria are annotated as ''intergene'' in Table I . To assess the nominal false discovery rates for these genes, we obtained the joint false discovery rates for the clustered positive SNPs based on their individual q values, derived from the 104,268 t values and QVALUE software [Storey, 2002; Storey and Tibshirani, 2003] . To provide one of several possible controls for the possibility that observed abuser-control differences might reflect occult stratification and correspondingly different allelic frequencies at the SNPs that display these abuser/ control differences, we note the SNPs for which EuropeanAmerican versus African-American ethnicity difference scores from MNB/NIDA control individuals [Liu et al., submitted] lie in the outlying 2.5% of all such differences (Table I) .
RESULTS
There were 122,828 SNPs assigned to chromosomes 1-22 that were assessed using these arrays. Of these 104,268 SNPs displayed minor allele frequencies of >2% in EuropeanAmerican samples (Netaffyx), could be assigned reasonably accurate chromosomal locations and were thus used for subsequent analyses.
Pooled genotyping using 100k arrays displays features that support the validity of our results. Regression analyses examined the relationships between (a) ''observed allele ratios'', background-subtracted, normalized, arctangent transformed hybridization intensity ratio values obtained from six pools of COGA DNAs and (b) ''expected allele ratios'' the fraction of A and B alleles obtained from individual genotypes obtained for 7393 SNPs from these same individuals in work performed for the Genetics Analysis Workshop using Affymetrix ''10k'' arrays. Pearson correlation coefficients were 0.91-0.92 for each of these pools (P < 0.001 for each). There were 31 ''quality control'' SNPs that were assessed using both XbaI and HindIII arrays. Correlations between the intensity ratios for these SNPs yielded a Pearson correlation coefficient of 0.94.
Abuser/control hybridization ratios for the 104,268 SNPs examined here fell into nearly Gaussian distributions with mean values close to one (Fig. 1) . There was modest variability of these assessments. Mean arctan A/B allele hybridization ratios for all SNPs assessed here AEstandard errors of the mean (SEM) for pool-to-pool differences were 0.79 AE 0.028 for abusers and 0.79 AE 0.024 for controls. SEMs for the four replicate arrays that assessed each sample were 0.036 and 0.034 for abusers and controls, respectively.
For analyses, we selected (1) the 5,216 candidate positive markers that represented the 2.5% of SNPs with greatest and the 2.5% of SNPs with the smallest abuser/control ratios and (2) the 1474 SNPs for which abuser/control differences yielded t values !3. Six hundred sixty-seven SNPs satisfied both of these criteria; we note that these two criteria are neither totally dependent nor totally independent of each other, and we term the SNPs that satisfy both criteria ''candidate positive SNPs''. Chance findings of 667 SNPs that satisfy both criteria are rare. We performed 100,000 Monte Carlo simulations, each of which a sampled a random set of 5,216 SNPs. None of these simulation trials identified as many as 667 randomly selected SNPs that shared the properties (abuser/control differences and t values for these abuser control differences) found in the true results of these experiments, yielding Monte Carlo P < 0.00001.
These candidate positive SNPs clustered together in ways that would also not be expected by chance, although such clustering would be expected if they identified loci that contain allelic variants that distinguished alcohol-dependent subjects from control subjects. Three hundred sixty-two of these 667 candidate positive SNPs lay in 138 clusters in which they were positioned within 1 Mb of at least one other candidate positive SNP (P ¼ 0.03715). One hundred eighty-eight of these candidate-positive SNPs lay in 51 clusters in which at least Shown are: cluster number, reference SNP (rs) identifier, chromosome number, chromosomal position (bp, NCBI), abuser/control ratio (A/C), t value for abuser/control ratio and nearby candidate genes, identified using criteria enumerated in Materials and Methods. a SNPs for which allele frequencies in African-American versus European-American control samples lie among the most different sets of values. b SNPs labeled as indicating ''LRRTM4 leucine rich repeat transmembrane neuronal 4'' since they lie near ESTs from brain that are likely to represent parts of this gene.
c Genes that are discussed in more detail in the text are indicated in boldface and genes that are supported by preliminary clustered positive data from additional samples (QRL, TD, CJ GRU and others in preparation). three positive SNPs met the same criterion (P ¼ 0.00034). Thus when we performed 100,000 Monte Carlo simulation trials in each of which a random set of 667 SNPs was sampled, only 34 such trials involved 188 or more SNPs in such clusters. We focus our subsequent analyses on these 51 clusters of candidate-positive SNPs (Table I) . We identify candidate gene nominees for many of these 51 clusters of positive SNPs based on information from Mapviewer, HapMap, and Unigene and the criteria noted in Materials and Methods.
The clustered-positive results from this dataset can be compared with results from other association and linkage results for addictions. Fourteen of the two-SNP clusters and four of the three-SNP clusters from the present work lie within 1 Mb of at least one of the clustered positive results obtained from both NIDA European-American and NIDA AfricanAmerican polysubstance abusers who report dependence on at least one illegal addictive substance (P 0.00001 for both comparisons). These results provide additional support for positive SNP clusters 9, 11, 32, and 38 in the current work. Ten of the two-SNP clusters and five of the three-SNP clusters from a study of methamphetamine-dependent Japanese individuals versus controls also lie within 1 Mb of at least one of the current clusters (P < 0.00001), providing additional support for clusters 11, 20, 22, 31, and 49 from the current work. Of the 26 genes that are identified here by multiple-clustered positive SNPs, LRP1B, AIP1, CDH13, LRRTM4, CSMD1, PCSK5, CSMD2, GPR154, and DGKB also contain clustered positive results from at least one other addiction association genomescanning sample. NMUR2 is also identified by clusteredpositive results from other samples. This level of replication is especially remarkable since these convergences were sought for samples from different ethnic backgrounds and different addictions. Such a level of replication is consistent with false discovery rate calculations for the 51 loci, which range from 0.06 for joint false discovery rates for the eight positive SNP cluster to ca. 0.33 for the three positive SNP clusters. Such a level of replication is also consistent with simulation-based Monte Carlo P-values for each of these loci. Each of 100,000 trials selected a genomic segment that started with the beginning of a randomly selected annotated gene, continued 3 0 for the same number of bases as that identified by the positive cluster and added an additional 1 Mb at either end of the segment. For each trial, the genomic segment was assessed to identify whether a cluster of positive SNPs with the same properties identified in the true dataset lay in the region. These studies appear to yield P-values that range from 0.001 to 0.03, uncorrected for the 51 multiple comparisons .
Based on the number of pools assessed here and the pool-topool variability actually observed in these experiments (SEMs for four replicate arrays 0.03; mean AE SEMs for pool-to-pool variation 0.62 AE 0.02), we calculate 0.9 power to detect abuser/ control allele frequency differences of 0.05.
DISCUSSION
The results of this study support the idea that array-based pooled association genome scanning approaches can identify chromosomal regions likely to contain allelic variants that differ in frequencies between alcohol-dependent and control individuals. This current identification of such frequency differences in alcohol-dependent individuals provides the first genome-wide association-based assessment for genomic loci likely to contain variants that contribute to dependence on alcohol. We discuss the strengths and possible limitations of these results, the ways in which they converge with results of previous association-and linkage-based studies and the classes of genes that they nominate to play roles in human vulnerabilities to alcohol dependence.
The reliability and validity of the current approach is supported by data that documents the reliability of clinical assessments made by multiple observers and the extent to which the markers that display nominally positive differences between abusers and controls cluster together in specific chromosomal regions in these samples. We and others have also provided extensive evidence for the reliability and validity of pooling approaches using related microarray-based assays [Butcher et al., 2004; Liu et al., 2005; Drgon et al., submitted] . Correlations between the current data and preliminary data obtained using the same samples and ''10k'' Affymetrix arrays were 0.98 for the overlapping SNPs that displayed outlier abuser/control values [CJ, QRL, TD, GRU et al., unpublished observations, 2004] .
Modeling studies support significant power for the current methods and also support the likelihood of both false-positive and false-negative results. Power calculations support 0.9 power to detect 5% allele frequencies differences in the current experiments. Despite the relatively high marker density used in this report, however, there are still likely to be haplotype blocks that contain vulnerability-modifying alleles but do not contain three SNPs that are assessed in this report. Such blocks could thus provide false negative results in these studies. False positives are also likely, since we make many comparisons in this study. Simulation studies suggest a very low likelihood that all of the clustered positive results displayed here represent false positives. However, false positive results are still likely even among the clustered positive SNPs. False discovery rates lie between 0.06 and ca. 0.33 for the different clusters. Many, but not all, of these findings are supported by positive results from association genome scans of different addictions studied in different populations.
Since the COGA sample was not collected for association studies, it is possible that there might be occult stratification within these sample sets. We have examined this by comparing mean differences between arctangent transformed A/B allelic ratios between European-and African-American samples collected in Baltimore, Maryland for the SNPs that are 5% outliers among the Affymetrix SNPs from the current dataset and with data for all Affymetrix SNPs. The average normalized allele frequency ethnic difference for the SNPs that displayed outlier alcoholic/control values was 0.154. The average normalized ethic differences for all of the SNPs represented in the current dataset was 0.147. There was thus no evidence for overall stratification.
These results support the possibility that careful evaluation of associations within unrelated members of samples collected for linkage may be possible with the relatively high marker densities provided by SNP methods, given the genomic controls that these high-SNP densities can also provide. These data and their convergence with prior results continue to provide support for the idea that common allelic variants contribute to human vulnerability to abuse of addictive substances. Finding a number of SNPs with substantial abuser-control differences near markers previously linked to alcoholism in this same dataset supports the idea that further fine mapping studies using association approaches in these samples, as well as others, might help to better define the specific genes, haplotypes and gene variants that contribute to previously observed linkage signals in these datasets.
When we assess the extent to which the SNPs that display outlier abuser/control values also display outlier t values, the observed results are found rarely by chance in simulation studies. When we examine the degree to which these nominally positive SNPs cluster together in groups of three or more on modest-sized chromosomal regions we also observe striking departures from chance values. Forty-two of the 51 clusters identified here contain positive SNPs from both Xba I and Hind III arrays. Twenty-two of the 51 clusters identified here receive at least some support from another linkage or association study; others also receive support from candidate gene studies (see below).
Assessing convergence of the current data with results of linkage analyses identifies 16 simple sequence length polymorphism (SSLP) markers that were previously linked to alcohol phenotypes with nominal statistical significance that lie within AE5 Mb of clustered positive results from the current study. Seven of these markers lie near linked markers from analyses of alcohol dependence in COGA pedigrees [Reich et al., 1998 ]; four from linkage analyses of alcohol dependence in Southwest Indians [Long et al., 1998 ] and five from linkage analyses of alcohol quantity/frequency phenotypes in data from the Framingham study [Bergen et al., 2003; Ma et al., 2003] . Each of these observations provide additional levels of support for the validity of the observed clustering.
Interesting candidate gene nominees lie near many of the clustered positive markers identified in this work. Cellsignaling molecule genes that lie near reproducibly positive SNPs ( Table I ) include those that signal within cells and between cells. Peptide signaling is implicated. Clusteredpositive SNPs lie just in the 5 0 flank of the GPR154 G proteincoupled receptor 154 that has been characterized as the receptor for neuropeptide S [Xu et al., 2004] . Several SNPs lie in 5 0 and 3 0 flanks of the AGTR1 angiotensin II receptor, type 1 gene. Clustered positive SNPs also flank and/or lie within enzymes that function to convert propeptides to biologically active peptides, including CPE carboxypeptidase E and proprotein convertase subtilisin/kexin type 5 (PCSK5).
Intracellular signaling with several different second messenger systems is implicated.
Phospholipid-signaling pathways could be altered by variations in several genes that lie near clustered-positive SNPs. Positive SNPs cluster in the 5 0 flank and within the DGKB diacylglycerol kinase, beta 90 kDa gene, the gene that encodes the ITPR2 inositol 1,4,5-triphosphate receptor, type 2 and the MAP3K7 mitogen-activated protein kinase kinase kinase 7 gene. Other phosphorylation patterns could well be altered by differences in the activities of the genes that encode the WW and PDZ domain containing BAIAP1/MAGI1 membraneassociated guanylate kinase and the anchor protein for AKAP1A kinase (PRKA).
Channels are implicated by these results. The KCNK2 potassium channel, subfamily K, member 2 is implicated by multiple positive SNPs.
Gene regulatory and/or developmental genes lie near reproducibly positive SNPs. The ephrin EFNA5 gene's 5 0 flank contains positive SNPs that support roles for variations in this single transmembrane domain receptor protein kinase in addiction vulnerability. The DAB1-disabled homolog 1, DOCK2 dedicator of cytokinesis 2, CSMD1 CUB, and Sushi multiple domains 1, SESTD1 SEC14 and spectrin domains 1, ZNF533 zinc finger protein 533, and the MSH3 mutS homolog 3 (E. coli) genes each contain multiple clustered positive SNPs. The 3 0 flank of the MSI2 musashi homolog 2 contains multiple positive SNPs. Each of these genes' products could alter brain developmental and/or adult form and function with consequences for addiction vulnerability.
The atrophin-1 interacting protein 1 (AIP1) gene is a diseaserelated gene that lies near clustered positive SNPs from the current dataset and reproducibly positive SNPs in studies of African-and European-American polysubstance abusers versus controls (see Liu et al. [2005] ). This gene [Wood et al., 1998 ] is expressed largely in brain where it interacts with proteins including atrophin, the protein in which trinucleotide repeat expansions cause dentatorubral and pallidoluysian atrophy.
We have identified clustered positive SNPs near the genes that encode documented or suspected cell adhesion molecules and their possible ligands. These genes include the LRP1B lowdensity lipoprotein-related protein, cadherin 11 and cadherin 13 genes. Cadherin 13 is expressed in neurons and is abundant in interesting brain regions including amygdala. We have previously identified clustered-positive SNPs in the cadherin 13 gene in comparisons of methamphetamine abusers with controls [Drgon et al., submitted] . A number of SNPs are 3 0 to the sequences currently annotated as the LRRTM4 leucine rich repeat transmembrane neuronal 4 gene. These SNPs lie near ESTs that derive from brain and seem likely to signal previously unelucidated more 3 0 portions of this gene. These data add to previous nomination and or/confirmation of addiction-associated variants in cell adhesion molecules including neurexin 3 [Liu et al., 2005] , NrCAM [Ishiguro et al., 2005] , PTPRB [Ishiguro et al., submitted] , the minor histocompatibility antigen HB-1 [Liu et al., 2005] , multimerin 1 [Drgon et al., submitted] , ADAM23 [Drgon et al., submitted] , the FAT tumor suppressor homolog 3 and the Downs syndrome cell adhesion molecule [Drgon et al., submitted] .
Clustered positive SNPs also lie near genes with other diverse cellular functions. DLAD DNase II-like acid DNase, MYR8 myosin heavy chain Myr 8, and the C14orf31 that encodes the FRMD6 FREM domain containing 6 protein each contain multiple clustered positives SNPs. In addition, clustered-positive SNPs also lie near genes that encode proteins of unknown function, including a number of hypothetical proteins (Table I) .
While these data nominate interesting genes, it is only confirmation in multiple datasets in ongoing and future studies that will link each of them securely to addiction vulnerability. In preliminary results from higher density genome scanning studies from at least three additional samples, several of these genes receive substantial support (Table I , TD, QRL, CJ, GRU and others in preparation). Nevertheless, the current data provide support for loci nominated in prior SNP association and linkage-based studies and identify new chromosomal regions with clustered-positive SNPs and interesting genes. They provide a set of genomic markers in these 51 chromosomal regions that should be useful in subsequent studies of alcohol abusers. As we identify more and more of the allelic variants that contribute to vulnerability to abuse of alcohol and other substances, we will be better able to understand addictions themselves.
